Purpose: Although many models have been proposed to interpret non-Gaussian diffusion MRI data in biological tissues, it is often difficult to see the correlation between the MRI data and the histological changes in the tissue. Among these models, so called statistical models, which assume the diffusion coefficient D is distributed continuously within a voxel, are more suitable for interpreting the data in a histological context than others. In this work, we examined a statistical model based on the gamma distribution.
Introduction
Diffusion MRI is a popular tool in medical diagnostic procedures. The methodology of diffusion MRI has a long history and the theoretical foundations are fairly well established. However, in the clinical application area, the precise contrast mechanisms of pathological tissues have been largely unknown. In recent years, it was shown that the low apparent diffusion coefficient (ADC) associated with malignant tumors and ischemic brain diseases could be explained by the restricted diffusion. 1, 2 Using this knowledge, MR signal changes can be explained for simple tissues with well defined intra-voxel geometric structures. Malignant tumors, on the other hand, are known to have very heterogeneous tissue with various components within a voxel, making it difficult to define an accurate model for tissue characterization.
Despite the fact that the tissue has a complex structure, its diffusion MR signal can be very well modeled by bi-exponential curves. 3, 4 The problem is that it is difficult to relate the parameters of the biexponential curve with specific histological structures. Many models have been proposed to interpret diffusion MRI data in biological tissues, and these can be roughly classified as follows: 1) models based on the shape of the MR signal decay e.g. biexponential model, 2) models based on the shape of the diffusion probability density function (PDF) e.g. q-space approaches, and 3) so called statistical models, based on the shape of the ADC distribution. The bi-exponential model can be considered to be a kind of statistical model, with a discrete distribution of ADC.
Since tumor tissue is considered to be a mixture of different tissues and perfusion components, the statistical model can be readily related to these heterogeneous tissues by assuming that each tissue component has a characteristic ADC that corresponds to a part of the ADC distribution defined by the model.
Within this category, two models have been proposed so far. One is based on the Gaussian distribution, and another one based on the gamma distribution. 5 -7 Since the Gaussian distribution has infinite support, the probability value is set to 0 for negative D values, and the total area is adjusted accordingly (the truncated Gaussian model). 5 Out of these two, the truncated Gaussian model is the one that has been investigated heavily. In this work, we examined the gamma distribution model, which is expected to reflect biological conditions more realistically than the truncated Gaussian model.
Methods

The model
The gamma distribution is given by
where ¥ is the gamma function (Fig. 1a ). There are two parameters which define the distribution: the shape parameter k and the scale parameter ª. When D is distributed according to this function, the corresponding diffusion MR signal becomes
where b is the b-value, and k and ª are the parameters of gamma distribution (Fig. 1b) . 7, 8 These parameters can be estimated by curve-fitting of MR diffusion data acquired at multiple b-values. Using these estimated parameters, the gamma distribution is then calculated and evaluated.
MRI examination
The model was tested using a clinial data set from a past study. 9 MRI data for 26 cases of histologically proven prostate cancer was used. MR images were acquired with a 3T scanner (Achieva, Philips Healthcare) using a six-channel phased array coil. Imaging parameters for the diffusion measurement were: TR/TE of 5132/40 ms, 3.5 mm slice thickness, 80 © 80 matrix, single shot diffusion weighted EPI with 10 b-values (0, 10, 20, 30, 50, 80, 100, 200, 400, and 1000 s/mm 2 ) on 3 orthogonal axes, factor of 2 SENSE on the phase direction, 2 averages. Imaging time was 5 min 54 s. Regions of interest (ROIs) were placed within proven cancer and non-canceous peripheral zone (PZ).
Goodness of fit
The gamma model was compared with the bi-exponential model and the truncated Gaussian model. The clinical data were fitted to each model, with a non-linear least squares method using the conjugate gradient method.Goodness of fit was evaluated with R 2 values, then differences among the models were tested using an F-test, considering the differences in the degrees of freedom. Figure 1 shows the gamma distribution (a), and corresponding MR signal decay pattern (b). Five curves each with different parameters were plotted. By changing the shape parameter k and the scale parameter ª, variety of distribution shapes can be expressed. MR signal decay pattern is similar to the bi-exponential model.
Diagnostic cabability
Since the distribution itself, or the "shape" is not suitable for quantitative evaluation, area fractions of certain D ranges were evaluated for this purpose. Typical tumor tissue can be considered to include relatively small tumor cells, larger nomal cells, extracellular fluid, and microcirculating blood within capillaries. ADC values smaller than 1.0 mm 2 /s can be attributed to small tumor cells with restricted diffusion, and ADC values larger than 3.0 mm 2 /s can be attributed to perfusion, with ADC values between 1.0 mm 2 /s and 3.0 mm 2 /s attributed to water diffusion in the other components. In this work, the area fraction of D < 1.0 mm 2 /s (frac < 1) and the area fraction of D > 3.0 mm 2 /s (frac > 3) were evaluated with frac < 1 and frac > 3 considered to reflect tumor cells and the perfusion component, respectively (Fig. 2) .
Results
Goodness of fit
A typical fitting result is shown in Fig. 3 . Each of 3 models were fit to the actual prostate cancer MR data (single case, no average over subjects). Fitting result to a mono-exponential curve is also added as a reference fit. At this resolution, differences between models other than the single-exponential models are difficult to see.
The R 2 values of each fitting method are provided in Table. For the cancer data (ca), fitting result of the gamma model were significantly better than the truncated Gaussian model, and there was no statistically significant difference between the gamma model and the bi-exponential model. For the normal peripheral zone (PZ), there was no significant difference between all three methods. Figure 3 shows the result of curve fitting for each of cancer (a) and non-cancer data (b). As a reference, fitting to mono-exponential curve is also shown. At this scale, difference between models, except for the mono-exponential model, is difficult to see. 
Table shows the result of quantitative comparison between models. Each of the gamma model, the truncated Gaussian model, and the bi-exponential model was examined. Goodness of fit was evaluated with the R 2 values, and the statistical significance of these differences was examined by an F-test. Although the true distribution of the ADC is not known, it was assumed that within each of cancer group and non-cancer group, the distribution shapes are similar. Figure 4 shows a scatter plot of ª vs. k, as well as frac > 3 vs. frac < 1 of clinical data. Frac < 1 representing the tissue component presumed to consist of small tumor cells where restricted diffusion is dominant and frac > 3 considered to represent the perfusion component. Cancer group and non-cancer group are clearly separated in this frac > 3 vs. frac < 1 parameter space, while separation is not so clear-cut in the ª vs. k space.
Diagnostic capability
Discussion
A primary goal of diffusion MR would be to estimate, or even measure, the true ADC distribution within tissue voxels. However, as experience with the bi-exponential model and q-space approaches have demonstrated, this is a very difficult task. Probably at most 2 parameters excluding the proton density can be estimated reliably. The bi-exponential model has 3 parameters making the reliability of those parameters low even though the fits may appear quite good. 10 The goal of this work was to find a good model to represent the tissue ADC distribution using up to 2 parameters. In this view, the gamma model seems to represent both normal and canceous prostate tissues very well. In other types of tumors, however, it is possible that the shape of the distribution of D is different from that of the prostate cancer. Nevertheless, it would be beneficial to investigate various types of cancers from the view point of ADC distribution.
Other advantages of the gamma model include: ease of mathematical handling, ability to relate to other models, like the bi-exponential model and diffusional kurtosis, and the stability of the fitting process. Although no quantitative test has been done, the gamma model appeared to be the least sentitive to initial estimate values.
Using the gamma model, it is also possible to calculate diffusion PDF without using q-space approaches.
PDFðx; tÞ ¼
Although no closed form solution for the PDF was found, the excess kurtosis K of the PDF can be calculated as
where µ n is the n-th moment of the PDF, and k is the shape parameter of the gamma distribution. Since the curve fitting stage is very robust and accurate, this might be a better method to estimate the K value than the q-space approach or fitting to a polynomial function.
Conclusion
A statistical model based on the gamma distribution has been proposed for prostate tissue discrimination. Using this model, the diffusion MR data was well fit and reasonable histological interpretations of the data appears possible. Figure 4 shows a scatter plot of ª vs. k (a), and that of frac > 3 vs. frac < 1 (b) for the cancer and the non-cancer group. The cancer and the non-cancer groups are clealy separated in the frac > 3 vs. frac < 1 2D parameter space, while separation is not so clearcut in the ª vs. k space.
